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Abstract: Offshore outsourcing is a widely used management technique for per-
forming business functions with the aim of reducing labor and transportation costs.
The selection of locations has a significant influence on the supply chain’s resilience
and qualities, but the influence of multiple external factors on the supply chain’s
performance in local places in a complex and uncertain environment has not been
examined. In this study, we investigated the influence of external factors in a highly
uncertain and complicated situation in which relationships between external factors
and supply chain resilience are complicated. Furthermore, we proposed a novel model
to select locations from a comprehensive perspective. Specifically, the fuzzy cognitive
map (FCM) is utilized to simulate the dynamic influence process where the adja-
cency is aggregated by D numbers. The weights of different resilience capabilities are
considered from the perspective of maximizing benefits by using the decision-making
trial and evaluation laboratory-analytic network processes (DEMATEL-ANP) model.
By comparing the distance to the ideal solutions, we selected the best alternative
location. Our results differ from the general case, which reveals that the weights of
different capabilities influence selections.
Keywords: Offshore outsourcing, supply chain resilience, location selection; FCM,
D number, DEMATEL-ANP, multicriteria decision making (MDM).
1 Introduction
In recent years, the globalization of the economy and competition has led to low consump-
tion, and thus, the offshore outsourcing process has attracted extensive attention as one of the
most adaptive strategies [9, 13]. Offshoring allows for firms to focus on core competencies to
improve their productivity, efficiency, and flexibility. The core competencies release a range of
expertise that crosses traditional functions horizontally and adapts to changes in the long-term
demands of clients, thus continuing domination over competitors [21]. A comparatively successful
offshore outsourcing strategy can significantly assist a firm in improving its production efficiency,
productivity, and flexibility to improve total profits and tackle emergency situations [22]. How-
ever, factors limiting the extensive application of offshore outsourcing remain, and outsourcing
may elicit some potential threats to client firms by extending their supply chains (SCs) [6].
Offshore outsourcing also has the potential to transfer specific ownership of the business
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activities and resources to low-cost providers overseas. Comparing the keyword offshore out-
sourcing to a similar keyword, outsourcing, we usually consider offshore outsourcing to involve
a vendor located in a country other than that of the buyer. Therefore, only the location of the
seller differentiates the above two keywords. The core of offshore outsourcing is the practice of
using a supplier rather than in-house employees to perform a function [2]. The following ques-
tion to be solved is where to outsource [7]. The selected provider will participate in increasing
integration of the SC. Previous research has shown that the supply chain network is vulnerable
to disruptions, and the failure of elements within the SC may cause the failure of the whole
network. We assumed that an ideal offshore outsourcing location would satisfy the requirements
of employers in terms of both economic and political aspects to enhance the performance of the
whole SC. However, an erroneous choice may cause a significant negative effect on the entire SC
network [20].
To realize competitive advantages of supply chains, the priority is to develop ’agility’, ’self-
alignment’, and ’adaptation’ (triple A’s). Supply chain ’agility’ indicates an instant response to
short-term perturbations caused by uncertainties in the upstream and downstream supply chains.
With respect to offshore outsourcing supply chains, agility is related to the capabilities of the
supply chain to deal with unexpected changes in market demand, which can transform from chal-
lenges into opportunities and lead the supply chain to gain competitive advantages in a volatile
and turbulent environment [33]. Supply chain ’alignment’ refers to the integration process of
several members in the supply chain to achieve better performance [25]. The necessity of the
attribute has been highlighted in many studies and requires further investigation [35]. Finally,
the adaptability of the supply chain enables the supply chain to evolve based on market changes
in strategies [15]. Recent researches have shown the importance of supply chain adaptability as
a dynamic capability. In summary, the reviewed capabilities could be denoted by the keyword
’resilience’, and more specifically, the best way to improve a supply chain’s competitiveness in
an offshore outsourcing scenario is to maximize its resilience.
Most client firms are offshoring core competencies with global suppliers, with a focus on
the selection of key value-creating competencies. This situation increases SC complexity and
interdependency, leading to a risk of SC vulnerability. Therefore, SC resilience is very cru-
cial to minimize property losses in disruptions. Recent research has revealed that the Tohoku
earthquake affected supply chains in the Philippines in 2017. Specifically, due to the lack of
resilience in supply chains, many properties and client firms suffered from destructive natural
disasters [1].The above event suggests that a resilient supply chain is important for minimizing
the negative effects of disruptions and allowing for the SC to recover normal activity in a short
time [9].If a corporation has a responsive SC, SC resilience can return to a normal or even better
state [10]. Furthermore, an offshore outsourcing process also involves unexpected outer disrup-
tions and accidental events, and incoming potential risks would cause damage to SC systems.
Moreover, due to the complexity and interdependence of entities in SC, a minor failure within
the SC may cause a failure cascade in the whole system. Therefore, SC resilience is considered
an important indicator in the offshore outsourcing process.
Despite these challenges, previous research has not made progress in investigating the rela-
tionship between locational decisions in offshore outsourcing and SC resilience. Few studies have
employed SC resilience as an indicator when selecting offshore outsourcing locations. Thus, we
assumed that an ideal offshore outsourcing location has positive effects on SC resilience to prevent
accidental disruptions and ensure SC robustness. To bridge the gap between offshore outsourc-
ing and SC resilience, this study proposed a combined method based on the analytic network
process (ANP) [12], decision-making trial and evaluation laboratory (DEMATEL) method [11],
fuzzy cognitive map (FCM) [12], and technique for order preference by similarity to an ideal
solution (TOPSIS) [16]. Specifically, FCM can represent all connections with the considered
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abilities to evaluate alternative locations and address the imprecise and fuzzy weights of links.
DEMATEL and ANP are combined to determine the weights of FCM, and TOPSIS is imple-
mented in alternative locations specific to outcomes gathered from FCM.
In this study, FCM can predict the impacts of alternative locations on SC resilience by simu-
lating scenarios over time, and the executive functions can select an optimal offshore outsourcing
location. Furthermore, ANP-DEMATEL is used to determine the weights of links by inputting
evaluations from experts. In addition, TOPSIS is considered an efficient tool for ranking alter-
native offshore outsourcing locations with respect to SC resilience. The aim is to maximize SC
resilience by choosing an ideal offshore outsourcing location. In addition, to avoid subjectivity
and fuzziness of experts assessments, multiple experts are invited to evaluate the project, and
their opinions are aggregated by D numbers The rest of this paper is organized as follows.
The background of our study is overviewed in Section 2. In Section 3, some related preliminaries
related to our study are introduced. In Section 4, we present our hybrid integration approach
for selecting the best alternative outsourcing locations with respect to supply chain resilience.we
present a DCM based integration decision model for selecting the best alternative outsourcing
locations with respect to supply chain resilience. Section 5 presents an empirical application of
the proposed model. The verification and discussion of our approach’s rationality and superior-
ity are described in Section 6. Section 7 conducts a sensitivity analysis. In the final section, we
present the conclusions of our study.
2 Preliminaries
2.1 D number theory
In the real world, uncertainty modeling and optimization are difficult to quantify because
knowledge and information are imprecise and incomplete [14]. Dempster-Shafer evidence theory
(also known as D-S theory or evidence theory) is an efficient tool for dealing with the information
fusion issue [3,4,17,28]. However, some inherent drawbacks limit the broader application of the
D-S theory. First, D-S theory requires a strong hypothesis that elements in the discerning frame
are mutually exclusive, which is very difficult to satisfy, especially in linguistic assessments.
Second, a norm basic probability assignment (BPA) must follow a completeness constraint in
D-S theory, which means that the sum of all focal elements in a BPA must be equal to 1 [6].
However, the experts do not have access to the overall knowledge, and the assessment is based
only on partial information, potentially resulting in an incomplete BPA [32,33]. To address this
issue, D numbers are presented [8, 18–20,29].
2.2 Fuzzy cognitive maps
Political scientist Robert Axelrod introduced cognitive maps in the 1970s to represent social
scientific knowledge [23]. The fuzzy cognitive map (FCM), an extension of the cognitive map, is a
causal description of a model of the behavior of a system [24]. FCM is an interactive structure of
concepts, each of which interacts with the rest, and reveals the dynamics and different behaviors
of the system. Each concept is described by a number Ai that represents its value and results
from the transformation of the fuzzy real value of the system’s variable, for which this concept
stands, in the interval [0,1]. There are three types of causal interactions between concepts that
represent the type of influence from concepts to the others.
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2.3 DEMATEL
The methodology of the Decision Making Trial and Evaluation Laboratory (DEMATEL)
was developed initially by the Battelle Memorial Association in Geneva [5] and is an effective
method for analyzing the direct and indirect relationships between components in the system
with respect to severity and type [34]. DEMATEL is widely applied in supply chain management
and service quality evaluation. By utilizing this method, we can extract a better understanding
of the structural relationships, and thus, this method is an ideal way to solve complicated system
problems. The procedure for implementing DEMATEL to solve dependent evidence consists of
four steps namely 1) Define the quality feature and establish the measurement scale 2) Extract
the DRM of influential factors 3) Normalized DRM 4) Calculate TRM.
2.4 ANP
Network analysis is a very useful tool to model real application [31, 36, 37]. The analytic
network process (ANP) is capable of tackling dependence among components in a system. It is
a generation of the analytic hierarchy process (AHP) and allows for more complicated interrela-
tionships among decision elements by replacing the hierarchy in the AHP [26] with a network.
The network structure of ANP includes the control level and network level. The control level
consists of goal and independent criteria whose weights can be obtained by AHP. There is at
least one goal at the control level. At the network control level, the network spreads out in all
directions and involves arrows between clusters or loops within the same cluster. These arrows
and loops indicate the relations among clusters or within a cluster. ANP is also applied to pri-
oritize factors or criteria in the decision-making problem. In this paper, we only consider one
goal, and criteria are omitted at the control level.
2.5 TOPSIS
The technique for Order Preference by Similarity to Ideal Solution (TOPSIS), which was
developed by Hwang and Yoon in 1981 [38], is a method for ranking alternatives in applications
and concepts [30, 39]. The core ideal of TOPSIS is to choose alternatives that simultaneously
have the shortest distance from the positive ideal solution and the farthest distance from the
negative ideal solution. The positive ideal solution maximizes the benefit criteria and minimizes
the cost criteria, whereas the negative ideal solution maximizes the cost criteria and minimizes
the benefit criteria.
3 Selecting offshore outsourcing location considering supply chain
resilience
As shown above, supply chain resilience (SCRE) is a crucial factor in offshore outsourcing
and should receive close attention when selecting an outsourcing location. The main thrust
of this paper is to rank some alternative locations and select the most suitable one from the
perspective of SCRE. However, in the real world, multiple factors influence SCRE, and these
factors interact with SCRE under changing conditions in foreign locations. Thus, the interacting
behaviors among SCRE and these external factors should be regarded as a dynamic mechanism
in a highly complex and uncertain manner. In addition, the SCRE could be divided into various
capabilities (e.g., flexibility, visibility, anticipation, etc.). These different capabilities have weights
corresponding to different criteria under one goal of maximizing total benefits. All of these issues
should be taken into consideration via a comprehensive perspective. In summary, the issue
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of selecting the best offshore outsourcing location is a typical multi-criteria decision-making
(MCDM) problem. Since most existing research has researches have regarded the issue as a
static problem or focused on one aspect of it, we propose a comprehensive perspective to tackle
this complicated problem. First, we use a fuzzy cognitive map extended by the D number to
identify the influencing mechanism of outer factors on SCRE in an offshore outsourcing location.
Then, an ANP-DEMATEL model is utilized to assign weights to different capabilities of SCRE
in the benefit perspective. Finally, we rank alternative locations with disparate outer factors by
using the TOPSIS method. The details are introduced below.
Start
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Figure 1: An overview of the weight assignment framework
3.1 Identify the impacts of outer factors on SCRE
To determine the impact of outer factors on SCRE in offshore outsourcing, the FCM is
introduced to simulate the process in a complicated and uncertain environment. The procedure
is presented below.
1) Expert evaluation: Some authorities on outsourcing will be invited to define crucial outer
factors that are closely related to SCRE. They may use their experience, knowledge and some
interactive techniques such as the Delphi method or affinity diagrams to identify these factors
for further research. Similarly, the different aspects of SCRE capability are addressed in this
step. These outer factors and the SCRE capabilities will be regarded as the nodes in the FCM
that describe the real problem or general system.
2) Identify the causal connections between nodes (wi → wj). The type of relation (positive
or negative) and its intensity should be taken into consideration and defined. The preliminary
means of conducting this procedure is to define intensity scales. All evaluations should be mapped
on the interval [0, 1]. We use AHP to quantify the degree of intensity. The scientific evaluations
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are transformed into a quantitative range by implementing the AHP method.
3) Aggregate the multiple experts’ opinions in different groups. In the real world, the
interactions between external factors and SCRE capabilities are very uncertain due to their
complexity. To address this problem, multiple experts with different backgrounds will be invited
to decrease uncertainty and obtain a relatively precise result. D number theory is introduced to
fuse these evaluations due to its superiority in representing incomplete and imprecise information.
4) FCM inference. FCM can not only represent causal relations but also predict future
implications through dynamic simulations. At the initial stage, each FCM node is assigned a




2 · · · v0n−1 v0n) is obtained. Then, using
Eq. (7), the behavior of the influencing mechanism will be revealed.
In this stage, the impacts of external factors on SCRE can be identified, and the evolutionary
process of FCM can quantify these impacts.
3.2 Weight different resilience capability
An overview of the integrated DEMATEL and ANP approach for assigning different weights
to SCRE capabilities is given in Fig. 1.
Briefly, the values are gathered from a computer database and questionnaires. The DEMA-
TEL method is employed to deal with the inner dependency by gathering pairwise comparisons.
The inner dependency is then structured, and ANP is implemented to perform further calcula-
tions. The details are listed as follows:
Step 1: Define the criteria, objective, sub-criteria, and alternatives of the ANP model. The
criteria and sub-criteria are acquired from experts’ knowledge, experience, and other appropriate
approaches. In this paper, the objective is to maximize the offshore outsourcing practitioners’
benefits, and the alternatives are different SCRE capabilities.
Step 2: Construct a direct-relation matrix using DEMATEL: Decision makers are required
to compare the criteria pairwise with respect to influence and direction. The comparison scale is
defined at 5 levels: (0) no influence, (1) low influence, (2) medium influence, (3) high influence,
and (4) extreme influence.
Step 2.1: Normalize the direct-relation matrix. The direct-relation matrix is transformed
to the normalized matrix.
Step 2.2: Calculate the total relation matrix. The total relation matrix could be obtained
via the normalized direct-relation matrix.
Step 2.3: To visualize the relations among factors, we calculate the dispatcher and receiver
groups. The dispatcher is estimated from D−R, which has positive values and a greater influence
on other factors. They are assumed to exhibit higher priority and are called dispatcher groups,
where R is the sum of the columns and D is the sum of rows in the matrix T. The other values
with negative values of D − R receive more influence from one another and are considered to
have lower priority; these are called receiver groupers. The value D +R here shows the relation
degree of each factor with others. Those factors with higher D +R have more of a relationship
with each other, and those with lower D +R have less of a relationship with each other.
Step 2.4: Obtain the inner dependence matrix: The sum of each column is 1 in the total
relationship matrix.
Step 3: Use ANP to construct the network for the problem and access the different SCRE
capabilities.
Step 3.1: Calculate the relative weights of different criteria in offshore outsourcing benefits.
The AHP method is utilized to calculate their weight. A scale of 9 from equal importance to
extreme importance is used to measure the relative importance of criteria. A decision maker
would judge the relative dominance between each pair of criteria, and the results will be turned
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into values of 1, 3, 5, 7, and 9, which represent equal importance, moderate importance, strong
importance, demonstrated importance, and extreme importance, respectively, whereas values
of 2, 4, 6, and 8 indicate intermediate importance. Through the process of AHP, the relative
weights of criteria are obtained.
Step 3.2: The supermatrix can be acquired by entering the vectors derived from DEMA-
TEL, and then, the normalized weighted matrix is transferred from the supermatrix by mul-
tiplying the relative weights of criteria from step 3.1., in which every column’s sum is 1. The
weighted matrix then converges to a stable value after it is raised by its limiting power.
Step 4 Determine the relative weights of the SCRE capabilities: the final weights are found
in the corresponding row in the limit of the supermatrix; these weights should be taken into
consideration when we select optimal offshore outsourcing locations.
3.3 Rank alternative locations and select optimal one in SCRE perspective
Some alternative locations for offshore outsourcing are discussed and compared at this stage.
Since these alternatives have different outer factors, they have different values for each outer
factor. We input these initial vectors into the FCM, and after the FCM reaches an equilibrium
stage, various SCRE capabilities will be activated. The TOPSIS method is then used to quantify
the distance of alternative locations to the ideal solution considering the relative weights of each
SCRE capability. The location with the greatest value according to Eq. (18) will be chosen as
the suitable location for offshore outsourcing.
4 Empirical case study
In this section, we present an empirical case to illustrate the effectiveness of our method
for location selection considering SCRE. Four alternative locations are considered in our study.
This study pursues a generalized finding and proves the proposed method’s effectiveness. In this
study, we have been required to select the best offshore outsourcing location considering SCRE
capability in the background of a single and explanatory case study. The chosen case is highly
representative and valuable because it evaluates the global supply chain of spirit drinks with
geographically remote locations worldwide. The supply chain is so complicated that only the
focal producer has more than 30 production facilities. We will use the proposed method to select
the most suitable locations step by step.
4.1 Identify the impacts of outer factors on RSCRE
1) Expert evaluation: Some experts are invited to describe outer factors that influence the
resilience of the supply chain as well as the detailed capabilities of SCRE. The results are shown
in the Appendix. More specifically, the nodes in the FCM will be acquired.
2) In this step, the experts judge the causal relations among the nodes as well as their
intensity. AHP is implemented to make pairwise comparisons, and quantitative intensities are
obtained. All experts have the same weights; thus, the outcome will be the average of all experts.
The consistency ratio should be less than 0.1, and all numbers map into [0, 1]. The intensity
levels are shown in Table 1.
3) Aggregate experts’ opinions from different groups. Since the causal relations among
nodes are highly complicated and uncertain in practice, multiple experts are invited to assess
the causal relations among those external factors and capabilities. In this case, three groups
of experts are invited to evaluate the causal relations between them. These three groups have
different backgrounds, and they will give their opinions from different perspectives. The impact
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Table 1: Intensity levels and their associated quantities from AHP
Intensity level Quantity(expert1) Quantity(expert2) Quantity(expert3) Average
None 0 0 0 0
Very Weak 0.03 0.055 0.026 0.037
Weak 0.06 0.062 0.076 0.066
Moderate 0.117 0.143 0.121 0.127
Strong 0.225 0.264 0.256 0.248
Very Strong 0.568 0.477 0.521 0.522
Consistency Ratio 0.07 0.07 0.07 0.045
of F12 (technological infrastructure) on Cap9 (collaboration) can be considered as an example.
In the first group, seven experts conclude that technological infrastructure has a strong positive
relationship with collaboration; two experts believe the relationship is solid, and only one thinks
it is moderate. In the second group, six experts assign a strong relation between F12 and Cap9;
one holds the view of a moderate relationship. And the results are shown in Table 2 and Table
3. See also in Appendix the interactions between the criteria and SC resilience capabilities.
Table 2: The adjacency matrix (Part A)
ID F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15 F16
F1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F2 0 0 0 0 -0.533 0 0 0 0.251 0 0 0 0 0 0 0
F3 0 0 0 0 0 0 0 0 0 0 0 0 0 0.523 0 0.248
F4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F6 0 0 0.254 0 0 0 0 0 0 0 0 0 0 0 0 0
F7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F9 0 0 0 0 0 0 0 0.067 0 0.248 0 0 0 0.251 0 0
F10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F11 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F12 0 0 0 0 0 0 0 0 0 0 -0.067 0 0 0 0 0
F13 0 0 0 0 0 0 0 0 0 0.071 0 0 0 0.251 0 0
F14 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F15 0 0 0 0 0 0 0 0 0 0 -0.067 0 0 0 0 0
F16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Cap9 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DCM: D Number Extended Cognitive Map.
Application on Location Selection in SCM 761
Table 3: The adjacency matrix (Part B)
ID Cap1 Cap2 Cap3 Cap4 Cap5 Cap6 Cap7 Cap8 Cap9
F1 0 0 0 0 0 0 0 0.531 0
F2 0 0.251 0 0.133 0 0 0 0 0
F3 0 0 0 0 0 0 0 0 0
F4 0 0 0 0 0 0 0 0 0
F5 -0.127 0 0 -0.253 0 0 0 -0.131 0
F6 0 0 0 0 0 0 0 0 0
F7 0 0 0.252 0 0.526 0 0 0 0
F8 0 0 0 0 0 0 -0.071 0 0
F9 0 0 0 0 0 0 0 0 0
F10 -0.388 0 0 -0.251 0 0 -0.131 0 -0.04
F11 0 -0.066 -0.127 0 0 0 0 0 0
F12 0.248 0.248 0.248 0 0.129 0 0 0 0.279
F13 0 0 0 0 0 0 0 0 0
F14 0 0 0 -0.068 0 0 -0.131 0 0
F15 0 0 0 0 0 0.068 0 0 0.131
F16 -0.525 0 0 0 0 0 0 0 0
Cap1 0 0 0 0 0 0 0 0 0
Cap2 0 0 0 0 0 0 0 0 0
Cap3 0 0 0 0 0 0 0 0 0
Cap4 0 0 0 0 0 0 0 0 0
Cap5 0 0 0 0 0 0 0 0 0
Cap6 0 0 0 0 0 0 0 0 0
Cap7 0 0 0 0 0 0 0 0 0
Cap8 0 0 0 0 0 0 0 0 0
Cap9 0 0 0 0 0 0 0 0 0
4) FCM inference. The FCM nodes’ values are assigned to [0, 1] to simulate the im-
pacts of outer factors on SCRE capabilities. In this study, we set the initial state vector
V 0si = (0 0 · · · 1 · · · 0) (n = 1, 2, · · · , 16). The number in the initial state vector
represents the external factors, and our one factor is given a value of 1; the outer factors are
assigned to 0. The activation value of the SCRE capabilities can be obtained. In this way, a
better perspective of the impact of each outer factor on the SCRE capabilities is provided. In
Appendix can be see the impact of each outer factor on the 9 SCRE capabilities and the influence
of each outer factor on the SCRE capabilities. F12 (technological infrastructure) has the most
positive effects on SCRE, whereas F9 (tax rate) significantly impairs the whole resilience of the
supply chain. The conclusion drawn from the table is that the offshore outsourcing practitioner
should select locations with great technical infrastructure and a lower tax rate.
4.2 Weight different resilience capability
Step 1: The objective, criteria, sub-criteria, and alternatives of the decision-making problem
are introduced in Section 3.2. Finally, 5 criteria, as well as 21 of their sub-criteria, are identified:
Technical aspects: (C1) Efficiency, (C2) Security, (3) Energy sustainability, (4) Circulation
of capital, (5) Advanced technology, and (6) Technical innovation
Economic aspects: (C7) Operation cost, (C8) Investment cost, (C9) Production cost, (C10)
Return on investment, and (C11) Maintenance cost
Political aspects: (C12) Foreign dependency, (13) Capability with respect to the national po-
litical and legislative situation, (14) Capability with respect to national energy policy objectives,
and (15) Public policy and financial support
Social aspects: (C16) Social benefits, (17) Social acceptability, and (18) Job creation
Environmental aspects: (C19) Greenhouse emissions, (20) Land requirements, and (21)
Impact on the ecosystem
Step 2: Construct direct relation matrixes according to the 4-level scale, which features
inner dependence. Taking C7-C11 as an example, the initial relations among them are listed in
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the Appendix. Not all direct relation matrixes are listed here due to space limitations.
Steps 2.1-2.2: The direct relation matrixes can be transformed into total relation matrixes
to reveal their comprehensive relations. Still taking C7-C11 as an example, the overall relation
matrix is shown in the Appendix.
Step 2.3: The impact diagram is constructed as introduced in Section 3. The horizontal axis
refers to R+D, and the vertical axis is D-R. The impact diagram visualizes the direct and indirect
relations, where D+R is the sum of relations among the elements and shows the importance of
each element. D-R indicates the causal relations; D − R > 0 indicates that the element affects
other elements to a greater extent than it is affected by them. The impact diagram of C7-C11
is shown in Appendix.
Step 2.4: The results reveal a strong inner dependence among the sub-criteria of the
economic aspect. Thus, the inner dependence matrix is calculated. Table 8 in the appendix
shows the inner dependence matrix of the economic aspect.
Taking C7−C9 as an example, the total relation of C7-C9 is 0.101, and RC7 = 0.101 + 0.243 +
0.088 + 0.111 + 0.119 = 0.661. Therefore, the inner dependence of C7-C9 is 0.101/0.661 = 0.152
Step 3: Now, DEMATEL and ANP are integrated to assign weights to different SCRE
capabilities.
Step 3.1: First, we calculate the values of different criteria with respect to offshore outsourc-
ing benefits. This step is processed by the AHP method using the 5-level scale. The following
results are obtained:
Technical aspects: 0.41, Economical aspects: 0.18, Social aspects: 0.18, Environmental
aspects: 0.11, and Political aspects: 0.12
Step 3.2: The initial unweighted supermatrix of ANP can be acquired by entering the
vectors derived from DEMATEL and Step 2. The results are shown in the Appendix.
Multiplying the unweighted supermatrix by the criteria relative weights from Step 3.1 produces
the normalized supermatrix. The supermatrix is then increased to a sufficiently large power until
convergence occurs to obtain the limited supermatrix.
Step 4: The relative weights of the SCRE capabilities are determined with respect to bene-
fits. The final priority values are found in the corresponding columns of the limited supermatrix.
The results are shown in the Appendix.
4.3 Rank alternative locations and select optimal one in SCRE perspective
In this section, the optimal alternative locations for offshore outsourcing are selected by
using TOPSIS based on the existing experts’ evaluations. First, a group discussion is conducted
in which the experts evaluate 4 potential alternative locations: L1, L2, L3, and L4. In this
way, scores are acquired that represent how a location fulfills outer factors. A five-point scale is
developed in the Appendix.
The scores of each outer factor for the locations consist of an initial vector, which is then
input into the FCM to determine the adjacency as in Section 4.1. After several iterations, the
FCM presents an equilibrium state that reflects the level of SCRE capabilities. The concrete
process of the evolutionary process is shown in Appendix. In this study, the equilibrium state
emerges after more than 4800 iterations. The equilibrium values generally reflect the final SCRE
capability: the higher the value, the more elastic the supply chain will be. The sign (+,−)
indicates that the supply chain resilience will be enforced or damaged. For example, capability
8 (market position) reaches -0.6990 in location 1, which indicates that Cap8 will be impaired
in location 1 with a degree of 0.699. Cap3 (anticipation) is 0.4296 in location 3 after many
iterations. Therefore, Cap3 will be activated to some extent in location 3. The detailed results
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are shown in the Appendix. In this way, the mechanism of evolutionary processes is revealed,
and the SCRE capabilities in each location are presented for further decision-making.
Once the equilibrium values of the different capabilities in the 4 locations are obtained, the
TOPSIS method is utilized to analyze the consistency of each alternative location with respect
to the ideal solution from the resilience perspective. The weights of each capability from Section
4.2 will be considered.
First, we construct a decision matrix D = (xmm) from Table 13. Then, we normalize the deci-
sion matrix by Eq. (12). The weights of each capability are considered in this step, and using
Eqs. (14)-(18), the results are calculated and listed in Appendix. The most suitable location
considering supply chain resilience is location 3, whose value is 0.6866. The different values of
the SCRE capabilities in the four locations are shown in Fig. 2.
1 2 3 4 5 6 7 8 9
L1 -0.6863 0.3906 0.479 -0.6843 0.3721 0.1781 -0.699 0.4838 -0.3012
L2 -0.7795 -0.1778 0.2174 -0.5065 0.3473 0 -0.5927 0 -0.1471
L3 0 0.321 0.4296 -0.5263 0.3474 0.1781 -0.5927 -0.2205 0.1971











L1 L2 L3 L4
Figure 2: Comparison of the 4 locations
5 Sensitivity analysis
To investigate the impact of the SCRE’s weights (developed by WCapi for capability Capi,
where i = 1, 2, · · · , 9) on the selection of offshore outsourcing locations with the best benefits,
we conduct a sensitivity analysis. Eleven experiments were conducted. In the Appendix can bee
see the details of these experiments.
As shown in the Appendix, in the first nine experiments, the weight of each SCRE capability
is set as the highest one by one, and the others are set at low and equal values. For example,
in experiment 1, the weight of Cap1 is 0.5, and the weights of the remaining SCRE capabilities
(Cap2-Cap9) are 0.0625. The highest weight is computed as 0.5 as follows. Since there are a
total of 9 capabilities, 8 are assumed to be of equal importance and are allocated equal weights
of 0.0625. This leaves the weight of Cap1 as 0.5, which ensures that the sum of all weights of
the capabilities is 1. Similarly, in the next 8 experiments, we set each capability as the most
important one by giving it a weight of 0.5 and leaving equal weights of 0.0625 for the remaining
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capabilities. In experiment 10, the weights of each SCRE capability are equal to 0.111. In
experiment 11, the real case in our study is shown.
As shown in the Appendix, location 4 has the highest score in 7/11 experiments (including
the case study). Therefore, based on the assessments obtained, our offshore outsourcing location
is comparatively insensitive to weights, with location 4 emerging as the winner in the majority
of cases (7/11). However, in this study, the best option for practitioners is L3. This could be
regarded as a special case that reveals that the selection in the real situation may be different
than that in the theoretical analysis.
6 Results of the simulation of four alternative locations
In this section, we further investigate the acquired results and discuss some implications of
the analyzed data. The supply chain resilience values are presented in Table 13. The results
are gathered from the FCM dynamic process, which reveals the future trends of supply chain
resilience. Although the optimal solution is identified by comparing its distance to the ideal
solution, we explore some special cases by using the results of our proposed model.
6.1 Results of simulation of location 1
The results show that 5 resilience capabilities will be enforced and 4 resilience capabilities
will be damaged. The final values range from -0.6990 to 0.4838. Visibility (Cap2), anticipation
(Cap3) and adaptability (Cap6) are the highest in this location among the four alternatives,
which indicates that these three capabilities will be increased to different extents. However,
recovery capability (Cap4) and financial strength (Cap7) are significantly impaired compared
with the other three alternatives.
6.2 Results of simulation of location 2
In location 2, the supply chain’s adaptability (Cap4) and market position (Cap8) will not be
influenced and thus will remain at a stable level. The anticipation capability (Cap3) and security
(Cap5) will increase slightly (+0.2174 and +0.3473, respectively) in location 2. In addition, other
capabilities will be damaged to different extends extents. Among these damaged capabilities,
flexibility (Cap1) is greatly impaired, even compared with other places. Companies seeking
flexibility in their supply chain should avoid choosing this location.
6.3 Results of simulation of location 3
In location 3, the flexibility of the supply chain will be stable and will not be influenced. Five
capabilities (Cap2, Cap3, Cap5, Cap6, and Cap9) will be improved. Among those capabilities,
adaptability (Cap6) and collaboration (Cap9) have their highest values at this location among
the four alternatives, whereas the market position of this location has the lowest value compared
with the other alternatives. Companies that are concerned with adaptability and collaboration
should pay more attention to this location.
6.4 Results of simulation of location 4
The supply chain’s capabilities of visibility (Cap2), anticipation (Cap3), security (Cap5),
and adaptability (Cap6) are not influenced in location. It has a comparatively good market
position among the four alternatives (the value is 0.5276). However, other resilience capabilities
will be impaired.
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Since offshore outsourcing refers to the transfer of some specific ownership business activities
or resources to low-cost providers outside of the client company’s country of origin, a new provider
will be a new player in the SC network. The offshore outsourcing process can exert some
impacts on SC resilience compared to in-home production. Many capabilities of SC resilience
are enhanced, while some capabilities are weakened. In this part, we discuss the differences
between offshore outsourcing and in-home production with respect to SC resilience. Hence, if
a manager seeks to preserve or even improve some capabilities of SC resilience, they should
consider whether or not to select offshore outsourcing; if they choose offshore outsourcing, they
should also consider which location to select.
7 Conclusions and future works
Offshore outsourcing is a heated issue that has received extensive attention. However, the
impacts of complicated and diverse environments on supply chain resilience may minimize the
ability of supply chains to defend against risks. To overcome this problem, we propose to select
a suitable location where the supply chain’s resilience will be maximized based on an integrated
MCDM method. The main contributions and innovations of this research paper could be sum-
marized as follows. Firstly, this paper combines FCM and D number theory to the concept
development if DCM that not only remains the abilities to represent uncertainty but also con-
tributes to aggregating knowledge from different sources (experts/commanders). Since uncertain
information fusion has been studied for many years, indicating that D number theory is an ef-
fective framework to represent and fuse uncertain information. The combination of D number
theory and FCM is shown to be valuable approaches through illustration. Secondly, DEMATEL-
ANP is implemented to quantify the weight in context of offshore outsourcing problem. From
sensitivity analysis, we conclude that a concise result could be obtained. Overall, The proposed
method can support practitioners while evaluating alternative outsourcing locations according
to their impacts on the SC resilience. Experts perceived the main advantage of the proposed
method in the ability to predict effects due to indirect implications, which are otherwise very
difficult to predict, especially for large models. In fact, in our case, one location would improve
resilient capabilities and two locations would rather damage it. Such location behavior could
not been predicted without our simulation. For academics, this paper provides a groundwork for
further studies because it is the first time that a research shows how offshore outsourcing location
decision-making can improve, preserve or damage SC resilience. Looking to the future, empir-
ical works would validate the influences detected. In addition, the developed hybrid method is
generic, flexible and easily adaptable. Therefore, it could be applied easily to other sectors to
represent messy problems with causalities and predict future outcomes.
Our future work involves the validation of the proposed model results by comparison with
other techniques available in the literature for the selection of outsourcing locations.
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